Fillet yield (FY) and harvest weight (HW) are economically important traits in Nile 30 tilapia production. Genetic improvement of these traits, especially for FY, are lacking, 31 due to the absence of efficient methods to measure the traits without sacrificing fish and 32 the use of information from relatives to selection. However, genomic information could 33 be used by genomic selection to improve traits that are difficult to measure directly in 34 selection candidates, as in the case of FY. The objectives of this study were: (i) to 35 perform genome-wide association studies (GWAS) to dissect the genetic architecture of 36 FY and HW, (ii) to evaluate the accuracy of genotype imputation and (iii) to assess the 37 accuracy of genomic selection using true and imputed low-density (LD) single 38 nucleotide polymorphism (SNP) panels to determine a cost-effective strategy for 39 practical implementation of genomic information in tilapia breeding programs. The data 40 set consisted of 5,866 phenotyped animals and 1,238 genotyped animals (108 parents 41 and 1,130 offspring) using a 50K SNP panel. The GWAS were performed using all 42 genotyped and phenotyped animals. The genotyped imputation was performed from LD 43 panels (LD0.5K, LD1K and LD3K) to high-density panel (HD), using information from 44 parents and 20% of offspring in the reference set and the remaining 80% in the 45 validation set. In addition, we tested the accuracy of genomic selection using true and 46 
INTRODUCTION 56
genetic evaluations using pedigree-based information and the ssGBLUP method which 200 uses both pedigree and genomic information, and additional information of the animals 201 with only phenotypes (Table 1) in the validation set. The statistical model fitted was the 202
RESULTS

224
Basic statistics and genotype quality control 225
The total number of individuals phenotyped ranged from 5,866 to 5,909 for FY 226 and HW, respectively, and varied per year-class with the maximum number of animals 227 phenotyped in 2013. On average, the recorded fish were 401 days old at harvest weight. 228
The average FY was 34.2% (SD = 2.13% g) and the average HW was 878 g (SD = 254 229 g) for phenotyped fish (Table 1) . 230
Out of the initial 1,364 individuals and 43,272 SNPs which were effectively 231 genotyped, a total of 1,130 animals and 32,306 SNPs (32K) passed quality control. The 232 MAF < 0.05 parameter excluded the highest number of SNPs (~ 4.8K), whereas HWE 233 and genotyped call-rate excluded about 2K and 4K SNPs, respectively. 234
235
Genetic parameters and heritability 236
For both FY and HW the additive genetic variance and heritability were slightly 237 higher when using genomic information compared to the pedigree-based method. For 238 instance, heritability values using ssGBLUP were 0.21 and 0.36 for FY and HW, 239 respectively. For PBLUP heritability for FY and HW was estimated to be 0.21 to 0.31, 240 respectively. Additionally, a reduction in error of heritability estimates was shown for 241 ssGBLUP when compared with PBLUP. 242 windows with average length of 530 kb (range from 10 to 6,690 kb) were obtained.
After the second iteration of wssGBLUP, the top five windows cumulatively explained 248 5.2 and 8.0% of the total genetic variance for FY and HW, respectively (Table 2) . 249
The full list of genes located within the top five 20-SNPs windows associated 250 with FW and HW is shown in Supplemental 
Accuracy of PBLUP and ssGBLUP 274
Based on the five-fold cross validation, the prediction accuracy for GEBV from 275 genomic methods outperformed the accuracy for EBV from PBLUP. In addition, the 276 accuracy of genomic selection using imputed genotypes from LD to HD SNP panels 277 outperformed both PBLUP and ssGBLUP using true LD genotypes (Table 4) . 278
The relative increase in accuracy of predicted GEBV compared with EBV from 279 PBLUP varied moderately between the LD panels and traits ( Figure 4) . Thus, the 280 relative increase in accuracy for FY when comparing ssGBLUP to PBLUP ranged from 281 4 to 15% for true 0.5 and 32K genotypes, respectively and from 8 to 15% for imputed 282 genotypes using the 0.5 and 3K LD SNP panels respectively. For HW the relative 283 increase in accuracy when comparing ssGBLUP to PBLUP ranged from 4 to 25% for 284 true 0.5 and 32K genotypes, respectively and from 22 to 27% for imputed genotypes 285 using the 0.5 and 3K LD SNP panels respectively. In general, the relative increase in 286 accuracy of predicted GEBV from all true LD SNP panels and imputed genotypes were 287 always better than EBV from PBLUP even at the lowest marker density of 0.5 K for all 288 traits. The relative increase in accuracies when comparing ssGBLUP to PBLUP were 289 almost always higher for HW than for FY, except for the use of true 3K genotypes for 290 prediction of FY (14%) which was slightly higher than for HW (13%) using the same 291 3K genotypes. 292
The genomic prediction accuracy using imputed genotypes, was identical or very 293 similar between the LD panels compared to the 32K SNP genotypes, especially for FY 294 (Figure 4) . When comparing the use of true and imputed genotypes for genomic 295 selection it was evident that genotype imputation resulted in a higher increase in relative 296 accuracy independently of trait and LD SNP panel. As expected, the lowest genomic 297 this case we had approximately 18 sibs genotyped/family and inclusion of 20% of 372 offspring in addition to the parents genotyped with the 32K SNP panel as the reference 373 set, to achieve similar accuracy values to those reported by Yoshida et al. (2018b) for 374 Salmo salar where 31 sibs/family and just 10% of offspring were needed to surpass an 375 imputation accuracy of 90%. The influence of the small number of animals per family 376 in the reference set decreased when the density of the LD SNP panels increased 377 (Carvalheiro et al. 2014) . 378
Supplemental Figures 1, 2 and 3 indicate regions of the genome containing 379 markers with high imputation errors, especially at the beginning and end of the 380 chromosomes. This is could be an effect of recombination rates, that are known to be 381 higher around the telomeres (Chowdhury et al. 2009; Tortereau et al. 2012) . The 382 physical location of the SNP is another factor that has been shown to be affect the 383 imputation accuracy and to reduce the errors in these regions, some previous studies 384 suggested increasing the coverage of SNP chromosomal extremes (Badke et al. 2012; 385 Boichard et al. 2012; Dassonneville et al. 2012 ). In addition, high imputation errors far 386 from chromosome extremes can be the result of erratic patterns of linkage 387 disequilibrium, which suggests potential issues related to physical maps and reference 388 genome assembly (Druet et al. 2010; Carvalheiro et al. 2014; Yoshida et al. 2018b) . 389
Another important factor that may affect the imputation accuracy is the linkage 390 disequilibrium between markers which is exploited to infer the missing genotypes 391 (Hickey et al. 2012; Carvalheiro et al. 2014) . A previous study, showed a more rapid 392 decrease of linkage disequilibrium with inter-marker distance for this Nile tilapia 393 population (Yoshida et al. 2019 ) when compared to other populations of different 394 aquaculture species (Barria et al., 2018b; Gutierrez et al., 2015; Kijas et al., 2016; values reported in the literature for salmonids (Kijas et al. 2016; Tsai et al. 2017; 397 Yoshida et al. 2018b ) and terrestrial species (Badke et al. 2012; Hayes et al. 2012; 398 Duarte et al. 2013; Hozé et al. 2013; Carvalheiro et al. 2014) , suggesting that the 399 family-based imputation approach is less sensitive to linkage disequilibrium patterns by 400 efficiently exploiting information of highly related animals . 401
402
Accuracy of genomic prediction 403
Our results showed that the use of genomic information for estimating breeding 404 values achieved higher accuracies compared to using only pedigree information for FY 405 and HW, independent of the LD SNP panel used, with or without imputation of 406 genotypes (Figure 4) . The relative increase in GEBV accuracies compared to PBLUP 407 has been previously reported for growth (Garcia et al., 2018; Tsai et al., 2015) and for 408 different disease resistance traits in farmed aquaculture species (Tsai et al. 2016; 409 Vallejo et al. 2017; Bangera et al. 2017; Correa et al. 2017; Barria et al. 2018a; Yoshida 410 et al. 2018a Yoshida 410 et al. , 2018c . 411
The accuracy of GEBV depends on factors such as the number of genotyped and 412 phenotyped individuals in the training population, the heritability and the number of loci 413 affecting the trait (Daetwyler et al. 2008; Goddard 2009 ). Furthermore, the accuracy of 414 genomic prediction is highly dependent on the genotype density used, which means that 415 increasing marker densities tends to generate higher GEBV accuracies (Tsai et al. 2016; 416 Bangera et al. 2017; Correa et al. 2017; Yoshida et al. 2018a) . In addition, the use of 417 different methods to estimate the GEBV can directly affect the accuracy of genomic 418 prediction. In general, the genomic methods differ in distributional assumptions of 419 marker effects and the calculation of the genetic relationship matrix. Here, we used theeffects and has some of practical advantages, given that it uses information from 422 genotyped and nongenotyped animals (Lourenco et al. 2014) , and it has also been 423 demonstrated to provide higher accuracy than the PBLUP method and other genomic 424 methods (Chen et al. 2011; Christensen et al. 2012; Vallejo et al. 2017; Yoshida et al. 425 2018a) . 426
To test the impact of genotype imputation errors in genomic predictions we 427 estimated the accuracy of genomic predictions for FY and HW using imputed genotypic 428 data and compared the data to true 32K and LD SNP genotypes (LD3K, LD1K and 429 LD0.5K). Our results indicate that genomic prediction accuracies using imputed 430 genotypes were always higher than those obtained using true LD genotypes and equal or 
